Supplementary Materials and Methods
An overview of the length-specific MoRF prediction scheme is given in Figures 1 and S2 . Four different models were constructed to predict MoRFs in disordered protein sequences, each trained to target different MoRF lengths. We partitioned MoRFs into 4 groups based on their lengths, from 5 to 9 residues, 10 to 14 residues, 15 to 19 residues and 20 to 24 residues. Table S1 gives the number of MoRFs in the training and test sets for each group.
In the training step, features were computed from MoRFs and non-MoRFs. Since the TRAIN set has a single MoRF region and the number of non-MoRF residues is greater compared to the number of MoRF residues, balanced sampling is required. To enable balanced sampling, we extracted upstream/downstream flanking amino acid residues along with the MoRF region as a positive sample. We then extracted the same size of the negative sample from a non-MoRF region. Suppose is a protein database with protein sequences, where = % , ' , ( , ⋯ ⋯ * .
These protein sequences have MoRF regions of lengths given as:
where varies from 1 to 4, / 0 1 refers to the -th MoRF in group 6 and MoRF groups are defined as:
where 6 is the total number of MoRFs in the group. From equations (1) and (2), MoRF groups are interpreted as:
MoRF groups = 0 9 , 0 : , 0 ; , 0 <
Similarly, non-MoRF groups are given as:
Non-MoRF groups = 0 9 , 0 : , 0 ; , 0 <
where 0 1 and 0 1 refers to the MoRF and nonMoRF groups, respectively, for values ranging from 1 to 4.
For each length-specific model, we computed bigram feature vectors [1] from each MoRF and non-MoRF group by utilizing steps of BigramMoRF method described in Sharma et al., [2] and using the structural attributes predicted using spider2 [3] . The bigram features from k-th attribute to l-th attribute of a protein sequence is computed as follows: Each length-specific model is trained independently as illustrated in Figure S2 . During the test phase, all four length-specific models are used for scoring and the output scores are combined by taking the minimum score as the output score. Suppose the length-specific model scores for a query protein sequence of length is given as:
where / 6 is the score of -th residue in the query protein sequence for -th length-specific model and varies from 1 to 4. The combined score for -th residue is taken as:
Model parameters and performance measures were chosen as previously described [2] . We selected SVM classifier with RBFkernel. The C and Gamma values of the kernel were selected as 1000 and 0.0038, respectively. To select the structural attributes for each model in Figure S2 , we performed successive feature selection scheme in the forward direction [4] and observed the AUC performance measure to select the highly ranked attributes for each model.
To further improve the model performance, we combined MoRFpred-plus and MoRFchibi with the proposed model, since they were constructed using complementary features and learning algorithms. To calculate the scores for each residue, we applied the common averaging principle where all scores are added and divided by the number of models used ( Figure S3 ).
The final score calculation was performed for each residue by taking a window of scores consisting of the residue score itself and the score of its flanking residues on either side [2] . Suppose the scores of the residues in a query protein sequence is given as:
Query sequence scores = % , ' , ⋯ , / , ⋯ , AC% , A
where / is the score of -th residue in the query protein sequence of length . The window scores are defined as:
where is the flank size and varies from 1 to . Schematic illustration of extracting window scores from the query protein sequence is shown in Figure S4 . The output score is computed as follows:
Output score / = (max Window scores s + median(Window scores / ))/2 (10) where = 1,2, … , and is the length of the query protein sequence. The value of flank size for each for the model used in this study was evaluated for its effect on the prediction performance.
Using the output scores of the query protein sequences, the MoRF regions are defined as:
where is the threshold score. 
